The relationship between income and nutrient intake is explored. Nonparametric, panel, and quantile regressions are used. Engle curves for calories, fat, and protein are approximately linear in logs with carbohydrate intakes exhibiting diminishing elasticities as incomes increase. Elasticities range from 0.10 to 0.25, with fat having the highest elasticities.
Introduction
and Deolalikar 1987). The role of income continues to be interest since contrasting results appear throughout the literature. While the positive relationship between nutrient intake and income is reinforced in some studies, other studies find either small or insignificant income elasticities (Sahn 1988; Ravallion 1990; Bouis 1994) . Although a substantial literature warns against an income-focused policy, the role of income is still considered important by many institutions. According to the latest FAO (2009, p.36 ) report on food insecurity, the recent "diminished economic access to food because of higher prices was compounded by lower incomes." While a number of early papers substantiate the conventional wisdom of the World Bank before the "revisionist" papers emerged in the 1980s (Pinstrup-Andersen and Caicedo 1978; Ward and Sanders 1980) , more recent studies further counter the revisionist regime (Subramanian and Deaton 1996; Dawson and Tiffin 1998; Tiffin and Dawson 2002; Abdulai and Aubert 2004) and emphasize an income-drive approach. Table 1 provides a summary of recent studies since the review in Bouis and Haddad (1992) . The estimated calorie elasticities are of moderate magnitude (between 0.2 and 0.5) and most authors conclude that improving income is crucial to combating malnutrition.
The existing evidence on income elasticities for nutrient intake from single-country studies reveals considerable differences (Pitt and Rosenzweig 1985; Berhman and Deolalikar 1989) . Different approaches partly explain the variation in estimates. One important difference is how the Engel curve and resulting income elasticity is estimated. Generally two approaches to estimate the income-calorie relationship are followed in the literature. The first approach uses individual level data obtained from household surveys. Some micro-level studies follow an indirect approach and use food expenditure survey data to estimate a model of food demand and then convert food demand elasticities into nutrient demand elasticities.
Other micro-level studies opt for a direct approach and use food diaries based on individual dietary intake recall to estimate the nutrient-income elasticities directly. The second approach uses aggregate data on average per capita dietary energy supply derived from national food balance sheets. Aggregate studies either employ annual time series data for a specific country or use cross-sectional data on a number of countries in a specific year. Studies using aggregate data tend to obtain smaller elasticities than those that use more micro-level data.
Even if reasonably sized and statistically significant income-calorie elasticities are found, the role of income in nutritional status is still unclear since people may shift the composition of their nutrient consumption as income increases (Behrman and Deolalikar 1989) . Evidence suggests that as incomes rise household expenditure on food increases because more expensive food is being purchased, but the nutrient content of these foods does not increase proportionately (Pitt 1983; Behrman, Deolalikar, and Wolfe 1988) .
Improvements in income may result in increases in food expenditures or total calorie intake but this may not coincide with a diet more rich in nutrients (Behrman and Deolalikar 1987) . Households tend to increase the variety of their diet based on features other than nutrient content, such as taste and quality, as they substitute away from cheaper sources of calories towards more expensive ones. Conversely, studies that uncover a small or zero elasticity do not necessarily imply that a change in income does not affect nutrition. For example, a drop in income may result in unchanged calorie intake, but the consumption of vital nutrients may fall as households substitute towards cheaper and less nutritious foods.
In addition to problems of deficient calorie and nutrient intake is the problem of excessive intake leading to overweight and obesity. The World Health Organization (2006) projects that by 2015 nearly 2.3 billion adults will be overweight and over 700 million will be obese. As developing countries experience economic growth, overweight and obesity are on the rise in low-and middle-income countries, particularly in urban areas (WHO 2006) .
Higher income countries tend to obtain most of their dietary energy supply from fat (Drewnowski 2003) . The analysis in Drewnowski and Popkin (1997) reveals a global convergence towards a diet deriving a higher proportion of energy from fat across a sample of developed and developing countries. Specifically, they warn about the possibility that a diet containing close to 30% of energy from fat could become the global norm. Also worrying is the trend that the nutrition transition is occurring at lower levels of income than previously thought. As pointed out in Popkin and Ng (2007, p.200) , "even poor nations had access to a relatively high-fat diet by 1990 when a diet deriving 20% of energy (kilocalories) from fat was associated with countries that have a GNP of only $750 per capita".
Data and Econometric Methods
A cross-sectional sample of 171 developing and developed countries across two time periods (1990-1992 and 2003-2005) is constructed using national income and nutrient data (see the available appendix for countries included). Aggregate data on national income data is 1996 for a full description of the data). Similar data are constructed for key macronutrients including carbohydrates, proteins, and fats. It should be noted that the FAO uses countrylevel data on per capita energy and macronutrient supply to proxy per-capita intakes. Thus, when the term 'intake' is used availability data is being used to proxy actual intake.
Three main estimation methods are employed in this paper. All three are Bayesian.
First, there is the nonparametric approach outlined in Chapter 10 of Koop (2003) . The second is a linear (in parameters) panel regression that can be estimated using the framework outlined in Chib and Greenberg (1995) . Finally, the recently developed method for estimating quantile regressions (the Bayesian Exponentially Tilted Empirical Likelihood, BETEL method) outlined in Lancaster and Sung (2010) . When using the panel approach, alternative models are evaluated using the Bayesian Deviance Information Criteria (DIC) outlined in Spiegelhalter et al. (2002) . A full description of each of the methods can be found in the references above, therefore, the coverage here is succinct.
The Nonparametric Approach
The motivation for a nonparametric approach is because the relationships between calorie or nutrient consumption and incomes may be highly non-linear and plausibly nonmonotonic. Finding a nonlinear relationship implies the impact of income on calorie intake is affected by the actual level of calorie intake. For example, a higher income elasticity of calorie intake ought to be expected for poor households since they may have insufficient income to pay for adequate nutrition. On the other hand, high calorie consumers may not be as greatly affected by a marginal increase in income as low calorie consumers and as such will have a smaller elasticity. Nonparametric procedures allow for such possibilities and mitigate problems of statistical bias resulting from an incorrectly specified parametric form.
Some studies argue that the relationship is linear (Bhargava 1991), while other studies uncover important nonlinearities in the income-calorie relationship (Gibson and Rozelle 2005; Skoufias 2003) . Of the studies that use nonparametric methods to investigate the potential for nonlinearities find they are not present (Subramanian and Deaton 1996; Abdulai and Aubert 2004) , while other studies conclude the income elasticity is better described by a curve rather than a line (Roy 2001; Gibson and Rozelle 2002; Skoufias 2003) .
The flexibility of the nonparametric approach also allows the examination of whether simple functional forms may be viable. Therefore, the nonparametric approach is employed first before investigating the relationships using parametric methods. The nonparametric approach assumes: 
The Panel Approach
The main benefit of the panel approach is an ability to control for both individual and temporal unobserved heterogeneity via group fixed effects and time fixed effects. Group fixed effects control for permanent differences between individual countries (i.e., differences across countries that are constant over time) while time fixed effects control for impacts common to all countries but that vary through time (i.e., differences over time that are common to all groups). For the panel approach, the models investigated are of the form Unlike the previous two approaches, the BETEL does not have an explicit functional form for the likelihood. Instead, the empirical likelihood is constructed by optimizing an entropy measure for any given value of the parameters. The empirical likelihood is multiplied by some relatively diffuse priors to obtain the posterior distribution of the parameters, and then this can be mapped using a Metropolis-Hastings algorithm. The BETEL approach can be used more generally than for quantile regressions. The moment conditions are derived from the condition that (for two variables i y and
The parameters and represent the intercept and slopes for the th quantile. Like the nonparametric regressions, quantile regressions are run separately for each time period.
Empirical Results
Discussion of the results proceeds sequentially examining the nonparametric results first, followed by the panel regression results, and then the quantile results (focus is on the elasticity estimates with the full set of parameter estimates in the appendix). As stated, the nonparametric regressions were run separately over the two periods (1990-1992 and 2003-2005) . Only the latter period is presented, since the nonparametric plots are almost the same between the two periods. First, figure 1 examines the raw nutrient shares modelled as a function of the raw per capita variable. The middle line is the fitted (mean) nonparametric relationship, with the two outside lines containing the 95% confidence intervals for the mean.
As seen from the plots, the relationship between shares of nutrients and per capita income appears to be non-linear, with poorer countries having relatively high levels of carbohydrates as a proportion of their diet (top left hand corner of figure 1). As incomes increase, however, the shares of carbohydrates decrease with a small rise in proteins but a much larger rise in fats. In the poorest countries, about 80% to 85% of the diet is in the form of carbohydrates and only around 10% in fats. As incomes increase though, there is a rapid switch to fats, levelling off at around a 50% share in carbohydrates and a 38% share in fats, with the remainder being proteins. Warnings from Drewnowski and Popkin (1997) on the possibility of a diet containing close to 30% of energy from fat has in fact become the norm.
The second set of nonparametric plots in figure 2 are for the logged calorie and nutrient consumptions regressed against logged per capita income (the relationships between the raw data were also examined, and these were highly nonlinear and are not presented). What is more interesting about the fitted curves using the logged data is that for each of the variable pairs, the nonparametric curves are quite linear. In other words, the data are consistent with being linear in logs, and therefore have constant elasticities. There is some evidence of a slightly lower slope at very low levels of per capital income for total calories, fats, and proteins. Surprisingly, however, the increase in consumption of these quantities towards the upper end of the income range does not appear to level off. This implies that as per capita incomes rise, a percentage increase in per capita incomes continues to give the same percentage increase in calories, along with increases in fats, proteins, and carbohydrates. Also evident is that the carbohydrate line is much flatter, meaning that increases in incomes are not leading to the same increases in carbohydrates as for fats and proteins. This is consistent with the nonparametric results using nutrient shares.
In view of the nonparametric results, the linear in log specifications represent plausible empirical characterizations of the relationships between calories/nutrients and per capita income. This hypothesis is explored further using parametric methods. As outlined in the methods section, a set of panel regressions are specified, where the variables have been logged prior to estimation. Before presenting parameter estimates, alternative specifications including only a quadratic term and excluding a cubic or quadratic term are investigated first. while there is evidence that the constants in the models can be restricted across the two periods none of the models support constant elasticities across the two periods, suggesting that there have been changes in consumption patterns other than those driven by incomes. the two periods, the differences in elasticities across the periods is very small. The calorie elasticity is about 0.09 for both periods and both have 95% elasticity confidence intervals contained within the interval (0.072, 0.104). Both protein and fat elasticities are significantly larger than the calorie elasticities (at about 0.14-0.15 and 0.23-0.24, respectively), whereas the carbohydrate elasticity is much smaller (at around 0.02-0.025). This is consistent with the previous results regarding nutrient shares. Overall, results suggest that a 10% increase in per capita incomes will lead to around a 1% rise in calorie consumption, but with the larger components being an increase in fat consumption, followed by protein consumption, with a very small increase in carbohydrate consumption. As already noted, however, the carbohydrate elasticity does not appear to be constant. To further investigate carbohydrate consumption the income elasticity is estimated at each level of income. These are plotted in figure 3 for the two time periods, which again are very similar. The basic picture that emerges is that the carbohydrate elasticity is around 0.10 for very low levels of income, decreasing at a decreasing rate from there on, but remaining positive until around $US7500 per year.
Beyond this point carbohydrate consumption has a negative elasticity.
The results for the quantile regressions are presented in table 5. Again, these are linear in log specifications for each of the variables. Table 5 reports the upper 75%, the median, and the lower 25% percentile elasticity estimates. In all cases, for all quantiles, the results are very similar to the estimated elasticities from the panel results. Of central interest is whether there seems to be a divergence between the different percentile values. As can be seen by table 5, these are very small. A large divergence between the lower and the upper percentiles would mean that countries with a higher consumption (for a given level of per capita income)
are responding differently to those with a lower consumption (for a given level of per capita income). For example, if for calories the 0.25 was much smaller than 0.75 then countries with lower consumption of calories or nutrients would be less responsive to income changes than those with relatively high consumption of calories. This, arguably would be the most worrying scenario, since increased incomes would be having the least effect on those with the lowest consumption, and increased incomes would be having the highest effect on those with the highest income. From table 5, however, the opposite tends to be true. For both periods, the majority of the variables have non-decreasing or increasing elasticities moving down the percentile groups. Therefore, those consuming relatively small amounts of calories or nutrients (for a given level of income) tend to be the most responsive to changes in the levels of income. As already noted though, the divergence between the quantiles is small.
Discussion and Limitations
There Svedberg 1999 Svedberg , 2002 . Measurement error may be present, specifically in regards to the margin of errors present in agricultural production statistics from developing countries.
Obtaining reliable and consistent data on food production can be problematic, especially from countries in Sub-Saharan Africa and South Asia. Not only are food production systems complex in these countries but there is also a heavy reliance on subsistence agriculture, the output of which is often under-measured (if measured at all). In these cases, the per capita availability of nutrients in the FAO data may be underestimated (which can potentially result in over-estimated parameters and income elasticities).
The second caveat regarding potential specification bias involves omission of other variables in the models that may be correlated with per capita income, thereby biasing the income elasticity estimate. Maternal education and employment, which micro-level evidence has shown to be important in controlling for income, are examples (Behrman and Wolfe 1984; Sahn 1994; Glewwe 1999) . Within the aggregate macroeconomic framework, data availability preclude their inclusion. Despite these limitations, the approach in this paper fits within a body of literature that examines the nutrient-income relationship at the aggregate level, and complements similar studies undertaken at a more disaggregate level.
To summarize, calories, fats, and proteins have positive significant income elasticities.
The data on these variables are also consistent with having constant elasticities across the income range. Carbohydrate consumption is found to have high positive elasticities only at low income levels, becoming negative at high incomes. A quantile regression yields similar elasticity estimates to the nonparametric and panel approaches at both the upper and lower quantiles, but there is some evidence to suggest that higher consuming countries (for both calories and nutrient components) had slightly lower elasticities than for those in the lower quantiles. In line with the majority of previous studies, the small but positive income elasticities suggest that income growth will increase calorie consumption and increase all nutrient consumption for low income countries (below US$7500). However, the elasticity estimates fall below the majority of existing estimates.
In terms of overall calorie consumption, a 10% rise in incomes is required for 1% rise in calorie consumption. Thus, rather large increases in income are needed for an improvement in the nutrition status of people in poorer countries. The implications for higher income countries are perhaps no less important. Findings suggest that this overall rise in calorie consumption as incomes rise holds also for rich countries. Thus, for countries that are already consuming well beyond the recommended calorie levels, further increases in income will lead to even larger consumption of calories. Moreover, the consumption of fat has the largest elasticity at around 2.5 that of overall calorie consumption, meaning that the larger component of increased calorie consumption will be in terms of fats. While these elasticities may seem small, in the absence of any other change in behavior, extrapolating current income 
